This paper investigates the uncertainty dynamics surrounding extreme weather events through the lens of financial markets. Our framework identifies market responses to the uncertainty regarding both potential hurricane landfall and subsequent economic impact. Stock options on firms with establishments exposed to the landfall region exhibit large increases in implied volatility of up to 30 percent, reflecting impact uncertainty. Impact uncertainty persists for several months after landfall. Using hurricane forecasts, we show both landfall uncertainty and potential impact uncertainty are reflected in option prices before landfall. Our findings have important implications when assessing the economic costs of extreme weather events.
Introduction
Extreme weather can be devastating and was responsible for over $300 billion in damages in the United States in 2017 alone. 1 Despite significant research on extreme weather effects on real economic activity and household, firm, and financial institution decision making, 2 little is known about the uncertainty surrounding extreme weather both in terms of the magnitude of this uncertainty and its dynamics. Given that uncertainty can affect real economic activity and decision making (see, for example, Bernanke (1983) ; Bloom, Bond, and van Reenen (2007) ; Bloom (2009)), a comprehensive assessment of the economic effects and costs of extreme weather events requires understanding the uncertainty dynamics surrounding them. This paper examines extreme weather uncertainty resulting from hurricanes through the lens of financial markets. The frequency and scale of financial data and the financial incentives underlying investor behavior make asset prices an ideal instrument to assess the dynamics and magnitude of extreme weather uncertainty. We use implied volatility from stock options to proxy for uncertainty as it captures investor expectations of volatility (see, for example, Bloom (2009) and Kelly, Pastor, and Veronesi (2016) ). We distinguish between two components of extreme weather uncertainty:
(a) the "landfall uncertainty" regarding where, when, and whether a hurricane will make landfall, and (b) the "impact uncertainty" about a hurricane's effect conditional on it making landfall. 3 We combine firm establishment data at the county level with hurricane forecast and landfall data in order to identify firms that operate within regions (potentially) exposed to a particular hurricane.
We use these granular data to conduct an in-depth analysis on extreme weather uncertainty using a difference-in-differences approach.
Our first hypothesis is that while a hurricane is out in the ocean and making its way towards the coast, the associated landfall and potential impact uncertainty will be reflected in the stock options of exposed firms. Using NOAA forecasts issued in the days leading up to a hurricane's landfall or 1 This National Oceanic and Atmospheric Administration (NOAA) damage estimate can be found here:
https://www.climate.gov/news-features/blogs/beyond-data/2017-us-billion-dollar-weather-and-climate-disasters-historic-year. 2 See, for example, Belasen and Polachek (2008) ; Imberman, Kugler, and Sacerdote (2012) ; Barrot and Sauvagnat (2016) ; Bernile, Bhagwat, and Rau (2017) ; Dessaint and Matray (2017); Brown, Gustafson, and Ivanov (2017); Hong, Li, and Xu (2019) . 3 We focus on hurricanes because they develop and resolve over fairly short but well-defined time frames, which allows for an isolated estimation of the effects, and NOAA publishes a range of relevant data on hurricanes. However, our framework can also be applied to other extreme weather events like snow storms and severe floods that are also subject to landfall and impact uncertainty. dissipation (in the case of a hurricane that "missed"), we find implied volatilities increase even at low landfall probabilities of 10 percent and below. Implied volatility increases up to 21 percent, implying substantial uncertainty about the hurricane. 4 This result also implies that investors pay attention to hurricane forecasts. Such attention to climatic events is by no means a given. Other papers in the climate finance literature assessing informational efficiency have found that investors are inattentive to climatic events as they unfold (see, for example, Hong, Li, and Xu (2019) and Murfin and Spiegel (2019) ). Furthermore, investor attention to extreme weather risk is important for correctly pricing assets with exposure to extreme weather and climate change and reduces the risks of sudden large price corrections that could disrupt financial stability (see, for example, Carney (2015)).
Our second hypothesis is that immediately after a hurricane has made landfall, implied volatilities of options of firms in the landfall region are elevated due to impact uncertainty, and that this impact uncertainty gradually resolves following landfall. Our results strongly support this second hypothesis. Indicative of substantial impact uncertainty, we find that immediately after hurricane landfall the implied volatility of options of firms with establishments in the landfall region are up to 30 percent higher than before the hurricane's inception. Implied volatilities remain elevated for several months after hurricane landfall indicating that the resolution of the impact uncertainty is slow.
The economic magnitude of these uncertainty estimates is large. The increase in implied volatilities in the aftermath of a hurricane translate into additional hedging costs of up to $91 billion summed over our sample period from 1996 to 2017. This magnitude is substantial considering that the total damages estimated by NOAA over the same period were $583 billion. 5 Our estimates show that uncertainty can lead to substantial costs associated with hurricanes, and such costs are not included in conventional damage estimates.
We build on these baseline results with several key extensions and robustness checks. Our findings are robust across industries and also hold within industries. We show that the stocks of the the worst performing firms exposed to hurricane landfall regions dramatically underperform the worst performing firms in the control set. The cumulative abnormal return difference is as much as 26 percent. This underperformance takes several months after landfall to manifest and supports the notion that investors price in significant uncertainty because it takes time to determine the full effects of a hurricane and resolve which firms were most adversely affected. We further show that our baseline results are robust to the exclusion of the most damaging hurricanes (Katrina, Sandy, and Harvey) . 6 Having excluded financial firms in our baseline results, we find that single stock options of property and casualty insurance firms reflect substantial impact uncertainty immediately following a hurricane landfall, exhibiting implied volatility increases of as much as 70 percent. While our results
show that investors are attentive to short-term forecasts and price in landfall and potential impact uncertainty, we find no evidence that they react to NOAA's medium-term seasonal forecasts. The reason is likely that these seasonal forecasts are much less accurate than the forecasts for individual hurricanes.
This paper makes several key contributions. First, we present a novel framework of landfall and impact uncertainty to formalize uncertainty before and after extreme weather events. Second, our estimates imply that extreme weather uncertainty imposes significant financial costs that should be taken into account when assessing the aggregate impact of extreme weather events. Not only do hurricanes impose large costs due to damage to property and infrastructure, but if investors have to hedge themselves against the uncertainty surrounding a hurricane, then this is an additional cost that has to been taken into account. Third, given that research has shown that other types of uncertainty can affect household and firm decision making-for example political uncertainty around elections has been shown to reduce firm investments (see Julio and Yook (2012) and Jens (2017))-the large economic magnitudes of our extreme weather uncertainty estimates together with the slow resolution of impact uncertainty suggest that extreme weather uncertainty could be an important factor for such real outcomes. Fourth, we show that in the case of hurricanes, unlike other climatic events, investors are attentive to forecasts and pay attention to how a hurricane unfolds.
The remainder of this paper is structured as follows. We begin with a discussion of related literature in Section 2. We describe our empirical strategy and data in Sections and 3 and 4, respectively. Section 5 presents our main results, followed by extensions and robustness tests in Section 6. We conclude in Section 7.
Related literature
In showing that extreme weather events cause substantial uncertainty that is costly to investors, our work is relevant to the literature examining extreme weather events and its effects. This growing body of work has shown, for example, how extreme weather affects labor markets, schooling, household finance, and income (see Belasen and Polachek (2008), Imberman, Kugler, and Sacerdote (2012) , Gallagher and Hartley (2017), and Deryugina, Kawano, and Levitt (2018) ). Barrot and Sauvagnat (2016) find that shocks of extreme weather events propagate in customer-supplier firm networks. Bernile, Bhagwat, and Rau (2017) analyze the relationship between risk taking behavior and the early-life disaster experiences of CEOs. Dessaint and Matray (2017) show that managers overreact to hurricane risks after experiencing a hurricane. Brown, Gustafson, and Ivanov (2017) report that firms experience decreased cash flows after extreme snowfall events and that they respond by increasing their use of credit lines. Looking at storm-level total damages, Martinez (2018) finds that damages increase with forecast error of landfall location 12 hours before landfall.
Roth Tran and Wilson (2019) find that natural disasters have a wide range of impacts on local economic activity, including on employment, population, and home prices. Addoum, Ng, and Ortiz-Bobea (2019) examine high temperatures and find little evidence that US firms' sales are affected.
Further, this paper introduces a novel topic to an emerging literature on climate finance that includes early empirical work on how Florida temperature fluctuations affect orange juice futures prices (see Roll (1984) and Boudoukh, Richardson, Shen, and Whitelaw (2007) ) and how the use of a time series forecasting approach is useful for pricing weather derivatives (see Campbell and Diebold (2005) ). Our research contributes to two branches of the climate finance literature.
First, by examining hurricane effects, this paper builds on recent papers in the finance literature focused on climatic events and investor attention. Hong, Li, and Xu (2019) show that drought indices are predictive of food company stock returns, indicating that investors are inattentive to droughts' impacts on food companies. Choi, Gao, and Jiang (2018) find evidence of a positive relationship between investors' beliefs about climate change and warmer-than-usual temperatures. Alok, Kumar, and Wermers (2019) show that fund managers that are hit by a natural disasters misestimate the risk of such disasters subsequently. Drawing mixed conclusions, several papers (see Bernstein, Gustafson, and Lewis (2018); Giglio, Maggiori, Rao, Stroebel, and Weber (2018) ; Murfin and Spiegel (2019) ) use NOAA sea level rise predictions to examine whether residential real estate prices reflect sea level rise risks.
Second, our analysis complements climate finance papers that develop hedging strategies. While Baker, Hollifield, and Osambela (2018) and Roth Tran (2019) present theoretical models in which green or emission-oriented investors can hedge risks by investing in polluters, Andersson, Bolton, and Samama (2016) show empirically that investors can hedge against potential future prices on carbon emissions by investing in a decarbonized index. Engle, Giglio, Kelly, Lee, and Stroebel (2018) develop a climate change news index and assess strategies that can hedge an investor against such news. In contrast to these papers, we focus on market dynamics that reflect investor behavior around specific disaster events that occur at a local level.
Finally, by analyzing extreme weather uncertainty, our paper adds a novel type of uncertainty to the uncertainty literature. Several papers have shown that policy uncertainty dampens firm investment (see, for example, Bloom, Bond, and van Reenen (2007); Bloom (2009); Kim and Kung (2017) ; Fried, Novan, and Peterman (2019)). Other researchers have examined political uncertainty as proxied by elections and how they affect firm investments and financial markets (see, for example, Julio and Yook (2012); Kelly, Pastor, and Veronesi (2016) ; Jens (2017)). Our paper complements this body of work by showing that extreme weather uncertainty is an important source of uncertainty that affects prices in financial markets. Our analysis introduces a new layer of complexity as we separately examine the effects of the uncertainty not only about the impact of a hurricane that occurs but also about when, whether, and where the hurricane will make landfall.
This contrasts with the case of elections, where there is uncertainty about outcomes, but generally not about when and whether the elections themselves will occur because they are scheduled in advance. 7 7 Empirical work on political uncertainty focuses on scheduled elections in order to isolate political uncertainty from economic uncertainty. Unscheduled elections and regime changes can be precipitated by economic conditions. In contrast, hurricanes are exogenous to economic uncertainty (economic conditions do not make hurricanes more likely), so we do not face this identification issue.
Our paper differs from the research on macroeconomic uncertainty and economic growth (see, for example, Jurado, Ludvigson, and Ng (2015) ; Baker, Bloom, and Davis (2016); Baker, Bloom, and Terry (2018); Dew-Becker, Giglio, and Kelly (2018) ) in that our firm-level analysis is more granular than examinations of the macroeconomy as a whole. This distinction matters because extreme weather events are generally local phenomena.
3 Empirical design
Landfall and impact uncertainty framework
Our framework distinguishes between two types of uncertainty that surround a hurricane: impact uncertainty and landfall uncertainty. Intuitively, one can think of impact uncertainty as uncertainty about the intensive margin of an extreme weather event and landfall uncertainty as uncertainty regarding the extensive margin. While this paper focuses on hurricanes, our framework is general enough that it can be applied to other types of extreme weather events. Impact uncertainty is the uncertainty about how a hurricane will impact firms with exposure to the landfall area. More formally, if hurricane h is expected to make landfall at time t + 1 and an all-equity firm i's stock return at t + 1 is given by
where ∼ N (0, σ 2 ) represents a random shock to the firm's return at time t + 1. The random variable g i,h,t+1 ∼ N (µ g , σ 2 g ) is independent of i,t+1 and captures the impact of the hurricane on the value of firm i, conditional on hurricane landfall in the firm's geographic region. The random variable θ i,h,t+1 indicates whether firm i is hit by hurricane h. θ i,h,t+1 has a Bernoulli distribution which can equivalently be thought of as a binomial distribution with one draw,
where P r(θ i,h,t+1 = 1) = 1 − P r(θ i,h,t+1 = 0) = φ and 0 ≤ φ ≤ 1. The product of the two random variables, θ h,t+1 g i,h,t+1 , is the component of the return attributable to the hurricane.
Conditional on hurricane landfall at time t + 1, σ 2 g represents the impact uncertainty. 8 In our framework, hurricane landfall introduces uncertainty for the local economy and firms. Predicting at the time of landfall which firms will be most affected could be challenging for several reasons.
First, hurricane landfall in a particular location is a rare event, making it difficult to predict the exact economic effect based on past experience. For example, Houston, TX, had not experienced a hurricane for more than two decades before Hurricane Harvey hit in 2017. Second, a hurricane's impact on individual firms operating within a disaster region is largely extent unpredictable. Knowing ex-ante exactly which areas will actually flood in a particular storm, the extent and duration of power outages, whether a levy will break, or how long infrastructure repairs will take, is challenging if not impossible.
Prior to (potential) landfall, there is additional uncertainty about whether and where a hurricane will make landfall. We call this landfall uncertainty. More generally, this uncertainty is about the incidence or occurence of an event.
At time t, we can decompose the uncertainty generated for the firm from the hurricane into expected impact uncertainty and landfall uncertainty as follows.
The expected return conditional on whether or not landfall occurs is E t [r i,t+1 |θ = 1] = µ g and E t [r i,t+1 |θ = 0] = 0. The conditional variance of firm i's return is,
V ar t (r i,t+1 |θ = 1) = σ 2 + σ 2 g .
It follows that the expected conditional variance 9 and the variance of the conditional expectation
Applying the law of total variance, we can derive V ar t (r i,t+1 ) using (4) and (5),
Landfall uncertainty is captured in the total variance by the third term in equation (6), φ(1 − φ)µ 2 g . For a given µ g = 0, landfall uncertainty is highest when the probability of landfall, φ = 0.5.
When µ g = 0, meaning that a hurricane is expected to have no impact, there is no contribution from landfall uncertainty to total variance at time t. In this case, V ar t (r i,t+1 ) varies with φ purely due to the expected impact uncertainty, φσ 2 g . Figure 1 depicts how the total variance prior to landfall (V ar t (r i,t+1 )) varies with the probability of hurricane landfall (φ) when σ = 0.4 and σ g = 0.05. The four dashed lines have µ g absolute values of 0.1, 0.07, 0.05, and 0. The solid line shows the level of variance following hurricane landfall,
Depending on the parameter values of µ g and σ 2 g , as φ varies from 0 to 1, the relative contribution to total variance from landfall uncertainty and expected impact uncertainty will vary prior to landfall. All else equal, as µ g increases, the contribution of landfall uncertainty to total variance increases. In Figure 1 , landfall uncertainty at a given φ is the vertical distance between a curve and the red dot-dash straight line depicting V ar t (r i,t+1 ) when µ g = 0. V ar t (r i,t+1 ) will in fact be greater than V ar t (r i,t+1 |θ = 1) when |µ g | > 1 √ φ σ g . In the figure, this is the case where the dashed lines are above the solid black line. When φ > 0 and at least one of µ g or σ g is non-zero, V ar t (r i,t+1 ) is greater than V ar t (r i,t+1 |θ = 0) = σ 2 .
Firm exposure to hurricanes
We separately determine firm exposure to a hurricane forecast and a hurricane that has made landfall. In both cases, we first determine which counties are in the forecast path or the landfall region of a hurricane, and then measure a firm's exposure to these counties based on firm establishment locations.
For the forecasts, we use hurricane wind speed probabilities to develop firm-and day-specific exposures to hurricanes before landfall. NOAA issues hurricane forecasts that show which counties have a probability of at least P to experience hurricane force winds for a given hurricane. This set of counties is denoted F P,t , where t is a trading day. NOAA updates these forecasts multiple times a day, so for each trading day, we use the last forecast made before market close. Importantly, counties in a forecast hurricane path include both counties later hit by hurricanes and those spared by evolving hurricane paths. More detail on the hurricane forecast data is presented in Section 4.1.
We compute firm i's exposure to the forecast path of hurricane h as the share of its establishments located in the set of counties in the forecast path F P,T h −Γ , where T h − Γ is a trading day which is Γ days before hurricane landfall or dissipation. This forecast exposure, a continuous variable ranging from 0 to 1, is given by
We take a similar approach for our post-landfall analyses by determining the set L R,T h of counties exposed to hurricane impacts due to landfall. Using the landfall data described in section 4.2, we determine a county c to be in the landfall region of a hurricane, if the counties centroid is within a given radius R of the eye of the storm at landfall. We then calculate the share of firm i's establishments in the landfall region counties. Formally, on landfall day T h , firm i's exposure to the landfall region of hurricane h is given by
A firm's exposure to a hurricane landfall region is again a continuous variable ranging from 0 to 1.
Similarly to the analyses prior to landfall that are performed on a series of probability thresholds, we perform the landfall analyses for several radii around the eye of the storm. As the diameter grows, the average intensity of impact on firms decreases but the number of hit firms increases.
Baseline estimation strategy
To estimate the uncertainty dynamics surrounding hurricanes, we employ a differences-in-differences framework. Each hurricane or forecast yields a separate treatment, and the treatment effects are jointly estimated across all hurricanes. The treatment intensity varies, because treatment is defined continuously as exposure to the forecast path or landfall region, shown in equations 7 and 8, respectively. Firms with zero exposure to particular events serve as the controls. We follow the recommendation of Bertrand, Duflo, and Mullainathan (2004) by collapsing the time series information into a pre-and post-treatment period for each difference-in-difference, that is each hurricane. For both the pre-and post-landfall analyses described below, the pre-treatment period is T * h , the day before hurricane inception. For pre-landfall analyses, the post-treatment period comes Γ days before landfall, while it comes τ days after landfall for the post-landfall analysis.
We examine how hurricane forecasts affect implied volatilities of firms located in the path of a hurricane by estimating the following panel regression model
The dependent variable is the change in implied volatility IV i,t of firm i from the last trading day before hurricane h inception, T * h , to Γ calendar days before hurricane landfall or dissipation on T h . 11 F orecastExposure i,P,T h −Γ is our continuous treatment variable defined in equation (7).
We include hurricane fixed effects (π h ), which obviate the need for time fixed effects because each hurricane has a separate and unique time period. We include industry fixed effects (ψ Ind ) based on firm two-digit SIC numbers. We exclude from the control group for a hurricane any firm that has been hit for another hurricane within 180 calendar days. 12 Given the geographic nature of our treatment, we cluster standard errors by the county to which the firm has the largest exposure (see, for example, Dessaint and Matray (2017) and Abadie, Athey, Imbens, and Wooldridge (2017)). 13 We estimate the regression separately for each combination of Γ ∈ {1, 2, 3, 4, 5} and probability threshold P ∈ {1, 10, 20, 30, 40, 50}. Only hurricanes for which the day T h − Γ is a trading day are included in a regression for a given Γ. This means that the set of hurricanes included in the regression sample depends on Γ and P . We exclude firms that are thinly traded and do not have implied volatility measures for at least half of the trading days from inception to T h − Γ days before landfall/dissipation. The time series starts in 2007, because we have granular hurricane forecast data from 2007 onwards, and ends in 2017.
In terms of interpreting results, a positive and significant λ F,P,Γ is consistent with firms in the forecast path of a hurricane facing substantial landfall and expected impact uncertainty. The change in a firms' implied volatilities should depend on the probability that a hurricane will make landfall in counties in which the firm operates. Figure 1 shows that depending on the parametrization 11 The inception day of a hurricane is defined as the first day on which the hurricane is predicted to make landfall with at least a 1 percent probability. For hurricanes before 2007, we do not have hurricane forecast data available and choose as inception day the first day that the hurricane appeared as a tropical depression.
12 For this purpose, we consider a firm as being hit if at least 10 percent of its establishments are located in the landfall region. Varying this threshold leads to qualitatively similar results. 13 In the Online Appendix, we show that the results are robust when using alternatively clustered standard errors.
(depending on the expected impact (µ g ), impact uncertainty (σ g ), and probability of landfall (φ)), the total variance (uncertainty) can be higher before landfall, (when φ is less than 1) than at landfall (when φ equals 1). Whether total uncertainty is higher before landfall than right after landfall is ultimately an empirical question.
While the higher implied volatilities for firms in the forecasted path of a hurricane can result from expected impact uncertainty as well as landfall uncertainty (as shown in equation (6)), after landfall-when the landfall uncertainty has been resolved-options should only price impact uncertainty. We isolate and estimate impact uncertainty by looking at the implied volatilities shortly after landfall, when investors know where the hurricane has hit, but do not know what the eventual impact on exposed firms will be.
We estimate impact uncertainty using the following panel regression model,
where τ is the number of trading days since hurricane h made landfall on day T h and T * h designates the last trading day before hurricane inception. Landf allRegionExposure i,R,T h is the measure defined in equation (8) of firm i's exposure to counties within the landfall region, which can vary from 0 to 1. A positive and significant λ L,R,τ reflects impact uncertainty in the aftermath of a hurricane.
Data and summary statistics
Our analysis combines data from a range of sources. We combine NOAA data on wind speed forecasts and realized storm tracks from NOAA with firm establishment data from the National Establishment Time-Series (NETS) database to determine firm-by-storm specific treatment levels.
We use CRSP-Compustat and OptionMetrics data for our stock and option outcome variables. We describe each of these data sources below.
Hurricane forecasts
We use NOAA's National Hurricane Center (NHC) wind speed probability forecasts to develop our measure of a hurricane's landfall uncertainty prior to landfall. Derived from the same forecasts underlying the standard hurricane forecast charts published by the NHC in real time and used by news outlets in the run-up to hurricanes, the wind speed probabilities encompass wind intensity and geographic breadth of impact. They also include positive wind speed probabilities for hurricanes that never make landfall.
We use text files from the NOAA website that contain probabilities of particular locations experiencing winds in excess of 34, 50, and 64 knots from 2007 to 2017. For our analysis, the 64 knots forecasts are the most relevant as a tropical storm is considered a hurricane, when the storm causes windspeeds of at least 64 knots. The wind speed probabilities are presented up to five days out from the time of each forecast. The NHC reports these wind speed probabilities for selected cities, towns, and military bases along the coast as well as some inland cities (including, for example, Birmingham, AL, Savannah, GA, and Washington, DC.) Figure 2 shows an example of the forecast chart of cumulative probability bands for hurricane force winds, as presented by the NHC, over a five day period in the case of Hurricane Sandy in 2012.
We translate reported location-specific forecasts to county risk indicators in two steps. First we determine which selected locations have reported probabilities of hurricane force winds above a given probability threshold such as a 10 percent. We designate the counties containing these locations as being in the forecast path of a hurricanes. Second, we identify counties with no reported wind speed probabilities to be in the forecast path of a hurricane if they are within 75 miles of a county that was identified as being in the forecast path of a hurricane in the first step. Figure 3 illustrates a sample of processed wind speed data at different probability thresholds for Hurricane Sandy over a four day period. More information on the hurricane forecast data can be found in the Online Appendix.
Hurricane landfall regions
We use hurricane track data collated from forecast advisory files from the NOAA hurricane archives to develop firm-specific exposure to hurricane landfall regions. 14 These data show the intensity and location of the hurricane's eye at various points of time. To account for the fact that hurricanes can impact counties that are not located in immediate proximity to the eye of the storm, we consider all counties to be in the hurricane landfall region if they are located within a given radius of the hurricane's eye within 24 hours before and after the hurricane making landfall. 15 We use US Census county centroids to generate the sets of counties that lie within 50, 100, 150, 200 miles of the eye of each hurricane. 16 Figure 4 shows which counties fall into each set for hurricanes Katrina (2005), (2016), and Harvey (2017.) Importantly, these data are published by NOAA in real time. Therefore, investors had access to these data on the landfall region of a hurricane as soon as the hurricane made landfall. Some other papers use damaged counties to discern which firms were affected by natural disasters (for example, Barrot and Sauvagnat (2016) and Dessaint and Matray (2017) .) In our context, doing so could bias estimates because investors do not know at the time of the landfall which counties experienced damage from a hurricane. Damage data become available with a substantial lag.
Firm data
We use NETS firm establishment location data to precisely estimate firm exposure to specific hurricanes (see, for example, Neumark, Wall, and Zhang (2011) and Addoum, Ng, and Ortiz-Bobea (2019) .) The NETS data contain establishment counts at the county level and are updated annually. 17 For each hurricane season, we use firm geographic footprints from the previous year to avoid the possibility that we will miss establishments closed due to hurricanes. Because our NETS data extend only through 2014, we use the 2014 geographic footprint for hurricanes in 2015-2017.
Plotting 2010 and 2014 deciles of county establishment numbers, Figure 5 shows that economic 14 The NOAA hurricane archives can be found here https://www.nhc.noaa.gov/archive. 15 Two hurricanes in the sample, Charley 2004 and Katrina 2005, make two landfalls. We use as the landfall date the landfall when the hurricane was of the higher storm strength on the Saffir-Simpson scale. 16 The county centroids can be found here https://www2.census.gov/geo/tiger/TIGER2017/COUNTY/. 17 Our baseline results rely on the establishment location data. NETS also contains establishment level sales data, but these data are often imputed. An analysis using sales data yield qualitatively similar results shown in Section 6.5. activity as measured by firm establishments is high in areas prone to hurricanes along the Atlantic and the Gulf Coast.
We use firm name and headquarter address to link the firms in NETS to those in OptionMetrics and CRSP-Compustat. Our linked sample starts in 1996, the first year in our OptionMetrics data.
Because financial firms' geographical exposure to natural disasters may not be reflected by their establishment locations and financial firms are often excluded in asset pricing studies, our baseline results exclude all financial firms by dropping firms with SIC numbers from 6000 to 6799 from our analysis. We provide a separate analysis on insurance firms in Section 6.3.
We obtain daily data on stocks from CRSP-Compustat and single-name stock options from OptionMetrics. Consistent with previous studies (see, among others, Carr and Wu (2009); Kelly, Pastor, and Veronesi (2016); Martin and Wagner (2018)), we use data from traded options with nonmissing pricing information that are slightly out-of-the-money. These options are more liquid and have a relatively small difference due to any potential early-exercise premium between American options and European options.
We apply standard filters to the options data consistent with the existing literature. In our sample, we include single-stock options which meet the following criteria: (i) standard settlement, (ii) a positive open interest, (iii) a positive bid price and bid-ask spread (valid prices), (iv) the implied volatility estimate is not missing, (v) greater than 7 days and at most 200 calendar days to expiry, and (vi) an option delta, δ, that satisfies 0.2 ≤ |δ| ≤ 0.5.
The estimate for the average implied volatility of firm i at date t is,
where M is the nearest-to-maturity expiration at time t with options which satisfy the above criteria and N is the number of valid options for firm i with that expiry. 18 We report summary statistics on our sample of firms in Table 2 . We have 1,645 unique firms in our sample. On average, a firm has 107 establishments in a given year. When only considering the subsample of firms that had 25 percent of their establishment in a hurricane landfall region at least once during our sample period, that is they were "hit" at least once, then the average number of establishments is 53. Interestingly, while these firms have a smaller number of establishments, they are comparable to the non-hit firms in terms of market capitalization. The average market capitalization of hit firms is 4.3 billion US$ compared to 4.5 billion US$ of the total sample.
The summary statistics on option measures are nearly identical between the total sample and the subsample of "hit" firms.
Baseline Results

Uncertainty before landfall
We first test whether option prices react to hurricane forecasts before storm landfall (or dissipation) and price in landfall and expected impact uncertainty. In Table 3 , we report results of estimating equation (9) for each combination of days before landfall (Γ) and hurricane-force wind probability threshold (P ) for which we have sufficient observations. 19 Each column presents results from a separate regression performed for the specified Γ (1-5 days before landfall) and P (1 to 50 percent.)
Because the location-specific NOAA wind speed probabilities rarely get high when a hurricane is far from the coast, the maximum P for which we estimate equation (9) declines as we increase the number of days prior to landfall or dissipation. Also, because for a given hurricane Γ might be a non-trading day, the sample of hurricanes differs across the columns of Table 3 . We show results with separate storm and industry fixed effects in Panel A. In Panel B, we show results with interacted storm and industry fixed effects.
The results in Table 3 are in line with investors paying attention to hurricane forecasts and being concerned about significant uncertainty arising from the forecast path of a hurricane. The estimates of λ F,P,Γ are always positive, regardless of whether time and industry fixed effects are included separately (Panel A) or interacted with each other (Panel B). In Panel A, the λ F,P,Γ estimates are generally significant with the exception of the estimates at the 1% probability threshold more than one day prior to landfall which is insignificant in two specifications. For a given Γ, the magnitude of λ F,P,Γ generally increases with higher landfall probabilities, reaching up 21. This implies that a firm with 100 percent of its establishments being located in the path of the hurricane sees an increase in the implied volatility of 21 percent. The results in Panel B are based on interacting time and industry fixed effects with each other and show somewhat lower coefficient but qualitatively similar estimates. The coefficients are always positive, increasing in the probability thresholds, and mostly significant. A more detailed discussion on the economic magnitude of these changes in implied volatility can be found in Section 5.3.
These results show that option markets price in substantial uncertainty before hurricane landfall, in line with the framework presented in Section 3.1 that shows landfall uncertainty and expected impact uncertainty should be priced in before hurricane landfall. The empirical estimates confirm that uncertainty generally increases with probability of landfall as predicted in Figure 1 . These estimates of uncertainty before landfall are implicitly also a test of investor attention to hurricane forecasts. If investors did not pay attention to NOAA's hurricane forecasts, then we would not observe an option price reaction. The emerging climate finance literature investigates investor attention to other climatic events. For example, Hong, Li, and Xu (2019) show that investors are inattentive to droughts. Also, there exists mixed evidence whether or not residential real estate owners pay attention to sea-level rise forecasts (see, for example, Bernstein, Gustafson, and Lewis (2018); Giglio, Maggiori, Rao, Stroebel, and Weber (2018); Murfin and Spiegel (2019) ). Therefore, the strong evidence of investors paying attention to hurricane forecasts shown in this paper is not necessarily expected. Arguably, these climatic events are different from one another in terms of, for example, intensity and duration, and it might be these differences that capture investors' attention in distinct ways.
Uncertainty after landfall
We now turn to our estimates of uncertainty post landfall. After the hurricane has made landfall, landfall uncertainty is resolved and only impact uncertainty remains. In Table 4 , we present results from the estimation of equation (10) All of our λ L,R,τ estimates in Table 4 are positive regardless of radii or fixed effect choices and significant for all but one specification. The magnitude of the effect we estimate reaches up to 30 for the 50 mile radius and 30 trading days post landfall. This implies that relative to its pre-inception IV level, a firm with a 100 percent (50 percent) exposure to the landfall region will see its implied volatility increase by 30 percent (15 percent). These are substantial magnitudes of impact uncertainty. Section 5.3 describes the economic context of these magnitudes in detail.
When analyzing the within industry effect by including industry fixed effects interacted with time fixed effects, the magnitude of the estimates are slightly lower but the estimates remain significant for all but one specification. A more detailed industry analysis is presented in Section 6.1.
The magnitude of the effect decreases with larger radii, which implies that firms with establishments located further away from the epicenter of the storm face less impact uncertainty. Also, while the statistical significance is stronger 5 trading days post landfall, the coefficient estimates are often higher 30 trading days after landfall. This result points to a slightly delayed reaction of investors to the hurricane landfall, with the caveat that the differences between the 5 and 30 trading days estimates are mostly insignificant (not shown).
In Figure 6 , we build on the Table 4 results becomes insignificant around 80 trading days (4 months) after landfall. When in Panel B we apply a 200 mile radius to determine the hurricane landfall region, we similarly observe that the increase in implied volatility rises for sometime before peaking and falling back to baseline. However, the peak happens earlier at 20 trading days after landfall, falls back sooner (becoming insignificant 60 trading days or 3 months after landfall), and has a smaller magnitude peaking around 10.
One potential concern with our specification is that our results could be driven by small firms.
However, Table 2 reports that the subsample of firms that were hit by hurricanes at least once during our sample period, where we define a hit as having at least 25 percent of establishments in a landfall region, has on average a very similar market capitalization as the total sample. Firms with coastal exposure can differ from other firms based on unobserved characteristics, and it is possible that firms that would be more vulnerable to hurricanes because of their particular line of business avoid being exposed to the Atlantic or Gulf Coast. However, such sorting would bias us against finding evidence of impact uncertainty.
Economic significance
We have shown that the implied volatilities of firms in the forecast path or landfall region of a hurricane increase substantially, indicating high uncertainty. What are the economic implications of these implied volatility changes?
Investors often use options to hedge exposure to risks of stock price changes. When the implied volatility of an option increases, the option premium (the price of the option) increases as well, and hedging becomes more expensive. We use our previous results to compute how much hedging costs in the aftermath of a hurricane increase for investors of firms with exposure to the landfall region. After hurricane landfall the total additional cost of hedging the impact uncertainty over our sample period would have been as high as 50 to 91 billion U.S. dollars in 2017 inflation-adjusted terms. 20 This magnitude is considerable, representing up to 16 percent of the $583 billion (also inflation-adjusted to 2017) in total hurricane damages estimated by NOAA for the same time period (see Table 1 .) 21 Our estimates show that uncertainty itself can lead to substantial costs associated with hurricanes. Conventional damage estimates that exclude these types of costs may significantly understate the true damages of extreme weather events.
While the changes in implied volatilities and consequently option premia directly affect investors, the large extreme weather uncertainty estimates that we document can also have other wide-ranging consequences. Other types of uncertainty have been shown to affect decision making of economic agents. For example, uncertainty around political elections and events causes firms to reduce investments as shown in Julio and Yook (2012), Jens (2017), and Kim and Kung (2017) . The large and persistent estimates of extreme weather uncertainty can have similar effects, particularly as the magnitudes of our estimates are larger than the increase in implied volatilities around major political events (see Kelly, Pastor, and Veronesi (2016) ). While an examination of how extreme 20 These values are based on a landfall region radius of 200 miles around the eye of the storm. We compute the average percentage point increase in implied volatilities of the firms with exposure to the landfall region (0.55 and 1.04 percentage points for 5 and 30 trading days post landfall, respectively.) To obtain the increase in the option premium, we multiply this average increase in implied volatilities by the average vega (0.034) of the same firms, where the vega is a measure of how option prices respond to changes in implied volatilities. Finally, we multiply the increase in the option premium by the total number of shares outstanding (2,237.6 billion) of the exposed firms to obtain the increase in total hedging costs in dollars. The values are inflation-adjusted to 2017 dollars. 21 Further, we likely underestimate the total hedging costs caused by a hurricane as we drop some firms from our sample due to insufficient data, as described in Section 4.
weather uncertainty affects decisions of economic agents is beyond the scope of this paper, it is straightforward to develop scenarios in which extreme weather uncertainty has real consequences.
For example, firms whose suppliers or customers are located in hurricane landfall regions could be affected by uncertainty about their supply chain. Similarly, firms may delay or backtrack on decisions on where to expand if there is significant uncertainty regarding a hurricane that has made or will make landfall in regions of interest.
Extensions and robustness
Having examined how markets price in impact and landfall uncertainty both before and after hurricane landfall, we now turn our attention to extension and robustness analyses.
Industry Effects
One question is whether the uncertainty caused by hurricanes affects varies across industries. To get at this question, we test whether our baseline post-landfall results are driven by a particular industry. 22 Building on equation (10), an industry-specific interaction term is added as follows
where I i∈Industryg indicates whether firm i is in Industry g , the industry being examined. We estimate this equation separately for the construction, manufacturing, mining (which includes oil production), retail, services, transportation, and wholesale industries based on firm two-digit SIC numbers. 23 If our baseline effects were driven primarily by one industry, then we would expect λ L,R,τ to be statistically indistinguishable from zero in the regression for that industry.
In Table 5 , we present our results for the 200 miles radius to ensure that we have a considerable number of firms with a large exposure to hurricane landfall regions in each industry. However, 22 We choose the post-landfall analysis for this purpose, because the larger number of hit firms provides a more representative sample of firms for each industry. 23 We exclude the agriculture and non-classified categories because of the small number of firms.
the results are qualitatively similar when using smaller radii. The estimates of λ L,R are positive and significant in every industry specification, suggesting that our baseline results are not driven primarily by one sector. Also, the magnitude of the estimate is similar to the magnitude of the coefficients for the 200 mile radius around the eye of the hurricane shown in Table 4 . The estimate
of ω R,τ , the coefficient on the interaction term, is insignificant for most specifications, suggesting limited industry-specific heterogeneity. The only industry for which the estimates of ω R,τ are significant is construction. The negative sum λ L,R + ω R,τ for the construction industry suggests that investors believe that hurricanes reduce uncertainty for construction firms. This result could be prompted by the expected boost from rebuilding activity.
Long-run impact on firm value
The large uncertainty estimates surrounding a hurricane imply that firms in the landfall region face uncertain outcomes. The resolution of this uncertainty should be reflected in the firms' stock prices in the months following a hurricane landfall. In particular, the higher expected volatility of the hit firms' returns should lead to a large cross-sectional dispersion of cumulative abnormal returns in the long-run.
We first estimate daily abnormal returns relative to the Fama-French five-factor model (see Fama and French (1993) ). For each firm and each hurricane in our sample, the following model is estimated:
where r m,d is the daily market return on day d minus the risk-free rate, r smb,d , r hml,d , r rmw,d , and r cma,d are the daily returns of the small-minus-big, high-minus-low, robust-minus-weak, and conservative-minus-aggressive portfolios, respectively. We estimate this model using 250 trading days (roughly one calendar year) before the inception day of the hurricane. We then use the coefficient estimates from this first stage regression to compute abnormal returns for each firm and hurricane as follows:
r a i,d = r i,d − (α i +β 1,i r m,d +β 2,i r smb,d +β 3,i r hml,d + β 4,i r rmw,d + β 5,i r cma,d ).
We next aggregate the abnormal simple returns to a cumulative abnormal return, denoted r ac i,T * h :T h +τ , for each firm and hurricane over the time period T * h to T h + τ , where again T * h is the inception day, T h is the day of the landfall, and τ is the number of trading days. The time period starts in 1996 and ends in 2017 to correspond to the option sample used previously. To ensure that stocks with stale prices are excluded from our analysis, a stock is required to have return data for at least half of all trading days for a given period. Further, we exclude stocks with share prices below $5 from our analysis (see Amihud (2002)).
We take the cumulative abnormal return from inception to a 120 trading days (6 months) after landfall for all the firms and a given hurricane and subtract the mean cumulative abnormal return to account for correlated shocks across firms that are independent of the hurricane. We choose a horizon of 120 trading days as that corresponds to half a calendar year. The hurricane season lasts half a calendar year, and thus, we avoid overlaps with the following year's hurricane season as a hurricane season last six months (from June to November). One group contains the cumulative abnormal returns of the hit firms, that is the firms with at least 25% of their establishments in the hurricane landfall region. The other group contains the cumulative abnormal returns of the control firms, that is the firms with less than 25% of their establishments in the hurricane landfall region. Then, we compute the differences in the mean and nine percentiles between the cumulative abnormal return distributions of the hit and the control firms.
The results are reported in Table 6 along with the corresponding t-stats. For the landfall region based on the 50 mile radius around the eye of the hurricane, the bottom two percentiles of the treated firms underperform the control firms by 21 to 26 percent. However, it is also notable that significant differences are only found for the bottom percentiles. The top percentiles show differences between the treated and control firms that while mostly negative are generally insignificant. This result holds also for wider radii. In the aftermath of a hurricane, there are some firms with exposure to the landfall region that severely underperform, but other firms appear to be unaffected in the long-run. Interestingly, the differences in mean effects are insignificant regardless of the radii.
These results are in line with the substantial estimates of impact uncertainty that are presented in the previous section. Investors appear to be uncertain about the impact of a hurricane on the firms in the landfall region and this manifests itself in the large increases in implied volatilities. In the long-run, the implied volatilities come back down as the effect on the firms becomes clearer, and some firms will be severely negatively affected. Figure 7 shows the difference in cumulative abnormal returns between firms hit by a hurricane and control firms also for the 10 and 60 trading days post landfall horizon. These plots show that the lower percentiles of the hit firms underperform more in the long-run, that is after 60 or 120 trading days, then in the short-run, that is after 10 trading days. These plots are in line with investors needing time to assess the impact on the firms in the landfall region.
Insurance firms
The analysis and discussion so far has been focused on the universe of firms excluding financial firms as common in the asset pricing literature. One contribution of this paper is to show that the uncertainty around extreme weather events affects a wide range of firms and not only insurance firms which are often thought of in the context of natural disasters. However, we also want to investigate if extreme weather uncertainty is reflected in the asset prices of insurance firms. The challenge that we face is that the number of publicly traded insurance firms with liquid options is relatively limited and we only have data on the exposure of an insurance firm at the state level, not at the county level. 24 We use data on insurance statutory financials from S&P Global Market Intelligence, which provides us with the share of total premiums written by state for property and casualty insurance firms in the US. We estimate the regression in equation (10) for these property and casualty insurance firms, with Landf allRegionExposure i,R,T h being replaced by a variable that measures the share of total premiums, lagged by one year, written in states that experienced landfall by hurricane h. The results are reported in Table 7 . Panel A (B) considers a state to have experienced hurricane landfall if at least 10% (25%) of the counties were within a given radius of the hurricane's eye.
The coefficient estimates are positive for all specifications implying that the impact uncertainty for property and casualty insurance firms is substantial in the aftermath of a hurricane. The magnitude of the coefficient estimates are economically significant, with the implied volatility being up to 70 percent (35 percent) higher for insurance firms with a 100 percent (50 percent) exposure to the landfall region of the hurricane. The magnitude of the coefficient tends to decrease for larger radii's around the eye of the hurricane. The statistical significance is weaker than for the non-financial firms in Table 4 as the number of insurance firms in our sample is relatively small, but most of the specifications yield a significant coefficient estimate.
Hurricane season effects
Hurricanes off the US Atlantic and Gulf coasts occur during the hurricane season which starts in June and ends in November. Because the timing of the hurricane season does not vary from
year-to-year, it is challenging to disentangle hurricane season effects from other season effects that are unrelated to hurricanes but also affect firms with establishments in coastal locations. To obtain an additional source of variation, we rely on hurricane season outlooks issued by NOAA.
In addition to forecasts for individual hurricanes, NOAA also releases hurricane season outlooks in May of each year. Dating back to 2001, each seasonal outlook reports the probability that the season will be above-normal, near-normal, or below-normal. 25 Panel A of Figure 8 shows that there is significant variation in the probabilities reported in these pre-season outlooks.
We test if options with long expiry, 120 to 180 calendar days to expiry, of firms that have establishments located in counties historically affected by hurricanes exhibit higher implied volatilities after NOAA issues a forecast of a hurricane season with above average activity. Options with long expiry are chosen because they cover the majority of the six month long hurricane season. We use two approaches to determine counties that could be hit by a hurricane during the hurricane season. The first approach simply uses coastal counties from the Atlantic and Gulf coasts as counties that could reasonably be exposed to a hurricane in any given hurricane season. For the second approach, we rely on historical landfall regions over the preceding 30 years and compute the annual probability with which a county c ends up in the landfall region of a hurricane.
For the first approach, the regression specification is then given by
where T s−1 is the last trading day before NOAA's hurricane season outlook is announced in May, and T s+10 occurs 10 trading days later. 26 Following the methodology in equations (7) and (8),
the variable CoastalExposure i,s is a variable that ranges from 0 to 1 and measures the share of establishments of firm i located in counties along the Atlantic and Gulf coast. We can replace this variable with HistoricalHurricaneExposure i,s , which measures the share of a firm's establishments located in counties with an elevated probability of being hit during a hurricane season.
AboveAvgSeasonF orecast s reflects the probability for an above average hurricane season that NOAA issues. A positive estimate of λ S,2 would be consistent with investor attention to mediumterm seasonal forecasts and imply heightened uncertainty if the probability of an above average season is high. 27 Table 8 presents the estimates of equation (14).
In Panel A the independent variable is
CoastalExposure i,s , and in Panel B it is HistoricalHurricaneExposure i,s . In both panels, none of the estimates of λ S,2 are statistically significant, and all of the point estimates have a negative sign. Thus, we find no support for the hypothesis that implied volatility increases for exposed firms when NOAA's hurricane season outlook reports a high probability of an above normal season.
The results in Section 5.1 have shown that investors pay close attention to NOAA's forecast of hurricane paths. What is the reason behind investors not paying attention to seasonal forecasts?
The reason is potentially that these seasonal forecasts are not as accurate. The scatter plots in Panel B of Figure 8 show only a weak positive relationship between these seasonal outlooks and the number of hurricanes making landfall in a given year (Panel A) or the total damages resulting from those hurricanes (Panel B). There is an emerging debate in the climate finance literature about investor attention to climatic events. In the case of hurricanes, investors behave fairly rational.
They pay attention to the short-term hurricane forecasts that contain valuable information but appear to ignore medium-term forecasts that are less accurate.
Robustness
This section contains some robustness tests for the main results. Our baseline measure of geographic location of a firm are the location of establishments. Alternatively, we can also use establishment level sales data from NETS. These data allow us to measure the exposure of a firm to a hurricane by the share of sales that were generated in counties affected by the hurricane. This measure has the disadvantage that it underweights a hurricane's effect on production facilities, as such facilities often do not produce sales directly but are essential for the firm internal supply chain. However, if the effect that a hurricane has on firms is mainly driven by demand, then a geographic footprint measure based on sales could be more accurate. We estimate the forecast regression in equation (9) and the landfall regression in equation (10) (2017) from the analysis. These three hurricanes were the most devastating hurricanes in our sample in terms of total damage as shown in Table 1 . We want to test if our results are solely driven by these hurricanes. The results are presented in Table   11 . The magnitude and significance of the coefficient estimates are similar to the estimates shown in Table 4 . A higher exposure to the landfall region increases the implied volatilities of the firms, and this effect is weaker the larger the radius around the eye of the hurricane used to define the landfall region.
Additional robustness checks can be found in the Online Appendix.
Conclusion
Little is known about extreme weather uncertainty. This paper studies extreme weather uncertainty through prices in option and stock markets by analyzing the uncertainty surrounding hurricanes.
Our framework distinguishes between landfall uncertainty (on where the hurricane will hit, if at all) and impact uncertainty (on the consequences to the local firms and economy following landfall).
Using daily hurricane forecasts from NOAA, we find that landfall uncertainty combined with potential impact uncertainty are both priced before a hurricane makes landfall, consistent with investors paying attention to the unfolding of a hurricane. We find that options of firms operating in regions affected by hurricanes have considerably higher implied volatilities after hurricanes hit.
The higher implied volatilities are in line with investors being concerned about substantial impact uncertainty. The impact uncertainty resolves slowly, and the implied volatilities return back to pre-hurricane levels several months after landfall.
Our novel analysis and framework contribute to a burgeoning climate finance literature. Each map shows the counties indicated as being at-risk for Hurricane Sandy given the number of days before landfall in each row and the wind speed probability threshold in each column. Hurricane Sandy made landfall on October 29, 2012, after market close, so we consider the last hurricane forecast before market close to be one trading day before landfall. This chart plots the difference in cumulative abnormal returns between firms with at least 25% of their establishments in the landfall region of a hurricane, that is hit firms, and firms with less than 25% of their establishment in the landfall region, that is control firms. The difference is shown for nine percentiles of the return distribution. The cumulative abnormal returns are computed since hurricane inception up to 10, 60, and 120 trading days post landfall. The landfall region is based on 50 miles around the eye of the hurricane. The data are from 1996 to 2017. Confidence bands of 95 percent are shown. (9). The dependent variable is the change (in percent) in the implied volatility of firm i from inception of the hurricane to Γ days before landfall or dissipation, T h , of the hurricane. The independent variable measures how much (from 0 to 1) of the geographic footprint of a firm is exposed to the forecasted path of a hurricane Γ days before the landfall or dissipation of the hurricane. The geographic footprint used to measure the exposure to a hurricane of a firm is based on establishments per county. The forecasted path of the hurricane is from NOAA and gives a probability of being hit by a specific hurricane for each county. The included probability thresholds have at least three hurricanes and 30 firms with an exposure of at least 20% in establishments to the counties in the forecasted path. (10). The dependent variable is the change (in percent) in the implied volatility of firm i from the day before the inception day of the hurricane T * h until 5 trading days (1 week) and 30 trading days (1.5 months) after the landfall T h in Panel A and B, respectively. The independent variable measures how much (from 0 to 1) of the geographic footprint of a firm is exposed to the landfall region of a hurricane. The geographic footprint used to measure the exposure to a hurricane of a firm is based on establishments per county. To identify counties that lie in the landfall region of a hurricane we rely on the location of the eye of the hurricane and a radius of 50, 100, 150, and 200 miles surrounding the eye. The data are from 1996 to 2017. The values in parentheses are the t-stats. The standard errors are clustered by county based on a firm's largest exposure. Industry and time fixed effects are used. The time fixed effect can be interpreted as a hurricane fixed effect as we include a separate time period in the panel for each hurricane as shown in equation (10). The significance of the coefficient estimate is indicated by * for p < 0.10, ** for p < 0.05, and *** for p < 0.01. (10) but including an industry interaction term. The dependent variable is the change (in percent) in the implied volatility of firm i from the day before the inception day of the hurricane T * h until 5 trading days after the landfall T h . The independent variable measures how much (from 0 to 1) of the geographic footprint of a firm, that is establishments, is exposed to the landfall region of a hurricane. To identify counties that lie in the landfall region of a hurricane we rely on the location of the eye of the hurricane and a radius of 200 miles surrounding the eye. The data are from 1996 to 2017. The values in parentheses are the t-stats. The standard errors are clustered by county based on a firm's largest exposure. Industry and time fixed effects are used. The time fixed effect can be interpreted as a hurricane fixed effect as we include a separate time period in the panel for each hurricane as shown in equation (10). The significance of the coefficient estimate is indicated by * for p < 0.10, ** for p < 0.05, and *** for p < 0.01. This table reports differences in cumulative abnormal returns post landfall for the mean and nine percentiles between firms with exposure (hit) and firms without exposure (control) to the hurricane disaster region from hurricane inception to a 120 trading days (6 months) post hurricane landfall. For a firm to be characterized as hit at least 25% of its establishments have to be in the hurricane landfall region. The hurricane landfall region is defined as a 50, 100, 150, or 200 mile radius around the eye of the hurricane at landfall. The differences are reported for the mean and nine percentiles of the return distributions of the treated and control firms. The abnormal returns are estimated based on the Fama-French five factor model. The data are from 1996 to 2017. The standard errors are bootstrapped and clustered by county based on a firm's largest exposure. The significance of the difference in abnormal returns is indicated by * for p < 0.10, ** for p < 0.05, and *** for p < 0.01. (10) for insurance firms. The dependent variable is the change (in percent) in the implied volatility of firm i from the day before the inception day of the hurricane T * h until 5 trading days after the landfall T h . The independent variable measures the share of total premiums written by an insurance firm in states that were in the landfall region of a hurricane. For Panel A, if at least 10% of a state's counties lie in the hurricane landfall region, the state is considered treated. For Panel B, the threshold is 25% of the counties. To identify counties that lie in the landfall region of a hurricane we rely on the location of the eye of the hurricane and a radius of 50, 100, 150, and 200 miles surrounding the eye. The values in parentheses are the t-stats. The standard errors are clustered by the state to which the insurance firm has the largest exposure. The time fixed effect can be interpreted as a hurricane fixed effect as we include a separate time period in the panel for each hurricane as shown in equation (10). The significance of the coefficient estimate is indicated by * for p < 0.10, ** for p < 0.05, and *** for p < 0.01. (9). The dependent variable is the change (in percent) in the implied volatility of firm i from inception of the hurricane to Γ days before landfall or dissipation, T h , of the hurricane. The independent variable measures how much (from 0 to 1) of the geographic footprint of a firm is exposed to the forecasted path of a hurricane Γ days before the landfall or dissipation of the hurricane. The geographic footprint used to measure the exposure to a hurricane of a firm is based on sales per county. The forecasted path of the hurricane is from NOAA and gives a probability of being hit by a specific hurricane for each county. The included probability thresholds have at least three hurricanes and 30 firms with an exposure of over 20% (10). The dependent variable is the change (in percent) in the implied volatility of firm i from the day before the inception day of the hurricane T * h until 5 trading days (1 week) and 30 trading days (1.5 months) after the landfall T h in Panel A and B, respectively. The independent variable measures how much (from 0 to 1) of the geographic footprint of a firm is exposed to the landfall region of a hurricane. The geographic footprint is based on sales per county. To identify counties that lie in the landfall region of a hurricane we rely on the location of the eye of the hurricane and a radius of 50, 100, 150, and 200 miles surrounding the eye. The data are from 1996 to 2017. The values in parentheses are the t-stats. The standard errors are clustered by county based on a firm's largest exposure. Industry and time fixed effects are used. The time fixed effect can be interpreted as a hurricane fixed effect as we include a separate time period in the panel for each hurricane as shown in equation (10). The significance of the coefficient estimate is indicated by * for p < 0.10, ** for p < 0.05, and *** for p < 0.01. (2017), which are the hurricanes in our sample that caused most damage. The dependent variable is the change (in percent) in the implied volatility of firm i from the day before the inception day of the hurricane T * h until 5 (1 week) and 30 (1.5 months) trading days after the landfall T h in Panel A and B, respectively. The independent variable measures how much (from 0 to 1) of the geographic footprint of a firm, that is establishments, is exposed to the landfall region of a hurricane. To identify counties that lie in the landfall region of a hurricane we rely on the location of the eye of the hurricane and a radius of 50, 100, 150, and 200 miles surrounding the eye. The data are from 1996 to 2017. The values in parentheses are the t-stats. The standard errors are clustered by county based on a firm's largest exposure. Industry and time fixed effects are used. The time fixed effect can be interpreted as a hurricane fixed effect as we include a separate time period in the panel for each hurricane as shown in equation (10). The significance of the coefficient estimate is indicated by * for p < 0.10, ** for p < 0.05, and *** for p < 0.01. Landf allRegionExposurei,R,T h 18.924 * * * 12.709 * * 9.231 * * * 7.150 * * * 5.500 * * * 3.909 * * 5.701 * * * 3.835 * * * (4.020)
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